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Abstract: In the whole world, including Mexico, the rising prevalence of diabetes poses
significant challenges to healthcare systems, with a notable impact on hospital admissions even
being an ambulatory care sensitive condition, that means, hospital admissions are avoidable.
Traditional healthcare methodologies have been instrumental in managing diabetes and preventing
complications, yet they often face limitations such as merging, cleansing, and outlier analysis of health
data to identify and address diseases effectively. This paper aims to address this gap by conducting a
comprehensive comparison of the methodologies used in healthcare and data science for this purpose.
This work uses hospital diabetes discharge records from 2010 to 2023, a total of 36,665,793 records,
which belong to medical units of the Ministry of Health of Mexico. In this work, we seek to provide
the arguments why as a data scientist it is mandatory to learn the field of knowledge of the problem
and its implications if this is not done, and therefore to disclose insights that can help in policy
decisions and reduce the burden of avoidable hospitalizations. The approach is mainly based on the
standardization or adjust rates by sex and age groups. This study provides the foundations for a new
way of data scientist must deal with health data.

Keywords: methodology; data science; public health; standardization; epidemiology; datasets;
hospital discharges; adjusted rate

1. Introduction

According to INEGI, Mexico is among the leading countries worldwide in the prevalence of
diabetes, with approximately 10.3 million adults diagnosed with the condition [1]. Furthermore, the
burden of avoidable hospitalizations related to complications of diabetes mellitus (AHRDM) remains
a critical issue, imposing substantial economic costs and straining healthcare resources; in 2016, the
cost was 1,563 million dollars [2].

Noncommunicable diseases in the world kill each year 74% of all deaths, according to the World
Health Organization (WHO) [5]. Diabetes Mellitus (DM) is an ambulatory care sensitive condition
(ACSC), which means that if the patient is treated effective and timely the hospitalization can be
avoided. This is related to the quality of ambulatory care (also called primary care). That is the reason
why this kind of hospitalization is called potentially avoidable.

Traditional healthcare methodologies have been instrumental in managing diabetes and
preventing complications [3][4], but they often face limitations in identifying and addressing AHRDM
effectively. In recent years, the emergence of data science methodologies has offered new avenues for
understanding disease patterns and optimize healthcare delivery. Leveraging advanced analytics, and
big data science presents a promising approach to complement traditional healthcare methods and
improve patient outcomes.
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Despite these advancements, there remains a gap in the literature regarding the comparative
effectiveness of health and data science methodologies in identifying and mitigating AHRDM in
patients, particularly within the context of the mexican healthcare system. Our study provides the
basis for a new way to combine methodologies used in healthcare and data science. Through this
interdisciplinary analysis, we seek to provide insights that can help make policy decisions and reduce
the burden of AHRDM in Mexico.

According to the 10th IDF Diabetes Atlas issued by the International Diabetes Federation in
2021, there were 14,123,200 cases of diabetes in adults in Mexico [6], ranked eighth in the world, and
occupied the same place in diabetes-related health expenditures, with 19.9 billion dollars in adults
(20-79 years).

Statistics and Geography National Institute of Mexico, in the press release pertaining to World
Day of Diabetes [1], presents the following numbers: 13% of deaths were due to diabetes, 51 % of
men (71,330) and 49% of women (69,396), the mortality rate related to diabetes was 11 per 10,000 habs.
Furthermore, 10.3% of the national population of 20 years and older were diagnosed with diabetes.
The state of Mexico was ranked fourth and Mexico City ninth in the mortality rate by diabetes, all
these numbers for the year 2021.

In fact, there exists a health indicator specified by the Agency for Healthcare Research and
Quality (AHRQ) [7], the prevention quality indicator (PQI) number 93 which is a composite indicator,
this indicator is a rate, where the numerator is hospital discharges with a principal diagnosis code
ICD-10-CM for any of the following cases: diabetes with short-term complications (PQI #1), diabetes
with long-term complications (PQI #3), uncontrolled diabetes (PQI #14) or lower extremity amputation
among patients with diabetes (PQI #16).

All datasets records that match one of the PQI #93 specification codes with the principal diagnosis
of the registered variable are avoidable hospitalizations related to diabetes mellitus (AHRDM)
mentioned in the following sections. The denominator is the study population, in this work, people 20
years and older from Mexico City and the State of Mexico, this geographical area is called Metropolitan
Area (MA, for short) for this article, one of the crowded areas in the world, in 2023 the study population
was 19,219,280.

The results of this work will have serious implications; In particular, in Mexico City and the State
of Mexico, the AHRDM rates decrease from 47.21 in 2010 to 39.05 in 2019, which means that 8 women
in 2019 were treated effectively and timely manner compared to 2010 and avoid an hospitalization
due to diabetes mellitus; in the same period for men only were 2; that is, before January 2020, the
beginning of the COVID-19 pandemic period and from that month up to December 2023, for women,
the AHRDM rates were 21.23 in 2020 and 30.12 in 2023; for men 32.38 in 2020 and 31.42 in 2023 (all
rates per 100,000 habs.), which means that in four years (January 2020-December 2023) 10 women
could not avoid reaching the hospital; for men, the rate do not show a significant change.

AHRDM rates are important because these are prevention quality indicators, that is, one way to
assess the primary healthcare system, those rates can be used by professionals to make better decisions
about healthcare systems.

In the epidemiology field, a design study must be defined; since the dataset already was created the
study is called a retrospective analysis through a secondary analysis of databases, is called retrospective
because the study uses past records and secondary because the databases were not made to this goal
[9][8]. Records are hospital discharges for adults 20 years and older with DM between 2010 and 2023.

The main aim of the work is to provide the arguments why data scientists should be
interdisciplinaries; otherwise, the results obtained by them are going to be useless. In addition,
this research will benefit the data scientist as a guide for the analysis of health data. As a collateral
goal, this work contributes to the field of data science by remarking the differences between the data
science and public health methodologies to solve problems.
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2. Methods

This section presents the methodology comparison, data sources, the process of data cleansing
and preprocessing, outliers analysis, specific and crude rates, and direct standardization. Crude rates
are those rates without an standardization and are the rates computed by data scientist in a naive
manner, on the other hand, adjusted-age rates by sex are used in the "health world". Methodologies
for both rates are presented in this section.

2.1. Methodology

The general known data science methodology involves the stages: data collection, preprocessing,
modeling, interpretation; and presentation [10]. Where the common objective is to reach conclusions
that help support decisions through techniques, outlier analysis, preprocessing data, and using
algorithms for modeling data, among others.

But for public health problems, where the objective of studies is to provoke social and health
impact, it is mandatory to follow the guidelines established by physicians, such as epidemiologists.
Some of the differences between the implementation of data science in another problem and in public
health are shown in Figure 1.

Mainly, the data standardization [12] is essential because it is necessary to adjust or transform
some variables, but in public health it is not only that the values of some variables are within a range,
the scaling process; or that the variables have the same mean and standard deviation, the normalization
process. In particular, in public health it is crucial to standardize [13] the data because when comparing
the results and concluding about the experiments, the values can be used by other scientists, not
depending on the geographical area, country, or study population characteristics [14][17].

Figure 1. Data Science vs Public Health Methodologies Comparison

Figure 1 shows in the center each phase of a general, the main differences are the following:

1. Data Collection. Electronic Health Records are the basis of the data, but it is not limited, because
some surveys, interviews could be included;

2. Cleansing and preprocessing, the main difference is the standardization in public health, which
stratifies data and adjust directly or indirectly, in both methodologies manage values missings,
data imputation, outliers analysis are applied;
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3. Modeling, mainly in public health only use biostatistical methods and algorithms of regression;
4. Interpretation, in a generic data science project usually metrics are used while in a piblic health

project interpretation must have a biological focus;
5. Presentation, this phase is where most mistakes are made by data scientists when deal with health

data, because usually an interactive and friendly graphics are used but health professionals need
statistical evidence like confidence interval coming from statisitical test or biostatistical methods.

2.2. Data Sources

The main data source is the open dataset provided by The Ministry of Health of Mexico, through
the General Department of Health Information (SS / DGIS), which offers open data sets of deaths,
hospital discharges, births, maternal deaths, and emergencies. In this work, the study utilize hospital
discharge records from 2010 to 2023, a total of 36,665,793 records, which belong to medical units of
the Ministry of Health of Mexico. Table 1 shows the national records by year, the records after the
cleaning process, the corresponding records of the MA, then filters only the AHRDM cases and finally
the population of 20 years and older. From the third column, each percentage corresponds to the value
of the previous column.

Table 1. Hospital discharges records from Metropolitan Area (MA).

Year National After MA MA diabetes Population
records cleaning records cases habs.*

2010 2,634,339 2,632,251(99.92%) 510,888(19.41%) 7,071(1.38%) 15,160,396

2011 2,775,189 2,774,330(99.97%) 536,111(19.32%) 8,089(1.51%) 15,472,618

2012 2,880,706 2,880,075(99.98%) 566,765(19.68%) 7,455(1.32%) 15,784,839

2013 2,879,313 2,879,052(99.99%) 576,107(20.01%) 7,109(1.23%) 16,097,061

2014 2,959,197 2,958,924(99.99%) 603,358(20.39%) 7,074(1.17%) 16,409,284

2015 2,970,812 2,970,483(99.99%) 581,673(19.58%) 6,675(1.15%) 16,721,507

2016 2,955,144 2,952,697(99.92%) 599,528(20.30%) 7,478(1.25%) 17,033,727

2017 2,729,341 2,715,873(99.51%) 535,983(19.74%) 7,538(1.41%) 17,345,950

2018 2,623,379 2,622,560(99.97%) 530,078(20.21%) 7,530(1.42%) 17,658,172

2019 2,629,434 2,628,771(99.97%) 515,396(19.61%) 8,329(1.62%) 17,970,393

2020 1,937,344 1,934,458(99.85%) 387,942(20.05%) 4,767(1.23%) 18,282,615

2021 2,088,780 2,088,352(99.98%) 391,540(18.75%) 4,371(1.12%) 18,594,837

2022 2,203,636 2,197,685(99.73%) 372,418(16.95%) 5,643(1.52%) 18,907,058

2023 2,399,179 2,390,869(99.65%) 381,771(15.97%) 6,011(1.57%) 19,219,280

Total 36,665,793 36,626,380(99.89%) 7,089,558(19.36%) 95,140(1.34%) 240,657,737
*People of 20 years and older.

2.3. Data Cleansing and Preprocessing

In order to make this study reproducible, it is mentioned that the language used to clean and
preprocess data is R, with R Studio as the IDE, to load data depends on the year of the file, even if
all datasets are CSV files, each file has its own characteristics, which is the reason why the delimiter
symbol and the number of variables (columns of the tables) differ from each other. For example, the
separator symbol is the comma for the 2010 file year, giving the following code sentence:

read.csv(file = "data/open/EGRESO_2010.csv", header = TRUE, sep = ’,’)
In the same example, the number of variables is: 11,13,17,18,39 which correspond to the

variables EDAD, SEXO, ENTIDAD, MUNIC and AFECPRIN consecutively. EDAD is the patient age, SEXO is
the patient sex, 1 for men and 2 for women, ENTIDAD is the state name of the patient, MUNIC is the
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municipality name where the patient resides, and AFCPRIN contains the ICD-10-CM registered at
hospital discharge.

2.4. Outliers Analysis

An outliers analysis is implemented through a hypothesis testing method, and some records with
patients 999 years old and others with values different from 1 or 2 in the variable sex, being the allowed
values, 1 for men and 2 for women. This analysis is crucial because databases usually have missing,
redundant, or spurious values that could generate wrong outcomes.

The cleaning process includes a filtering process using regular expressions of the correct
ICD-10-CM codes. Taking only the first four alphanumeric values with the regular expression in
the sentence grepl("[A-Z][0-9][0-9][A-Z0-9]", AFECPRIN).

2.5. Crude Rate

As a data scientist with naive knowledge of public health, the AHRDM rate is equal to the division
of all cases (as numerator) by the study population of 20 years and older (as denominator); this is
called the crude rate. Figure 2 shows the process that begins to collect discharge hospitalization records
from SS/DGIS as a source, followed by a cleaning process and filtering of matching cases between MA
discharge hospitalizations and the PQI #93 ICD-10-MD code. With these counted cases as numerator,
divide by the MA population of 20 years and older to get the crude rate.

Figure 2. Process to Compute Crude Rate and Age Adjusted Rates by Sex.
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2.6. Direct Standardization

Crude rates could be misleading, since the crude data do not take some characteristics of the
population, the most common variables are the sex and age of the MA population. Figure 2 shows
how to calculate the crude rate, from top to bottom, then divide by sex and age groups to calculate
age-specific rates for women and men, finally getting the age adjusted rates using the standard
population. To standardize, the direct method uses a population with a common age structure as a
standard population, which in this work is the country population. The age groups are 20-44 years
(young adults), 45-64 years (adults), and 65 years and older (elder adults). These age groups are
divided into men and women.

The main purpose of standardization is to compare rates across time and geographical areas; for
example, in the European Union, the proportion of people 65 years and older increased 5 percentage
points, from 16% to 21% during the period of 2002-2022 [11], people of the Member States are getting
older. Thus, to be fair with the comparison between the rates with the study population of this work,
which is a proportion of people 65 years and older, 10%, half of the European Union.

2.7. Specific Rates

Specific rates are important because they are an absolute measurement and also useful for
comparison and can be calculated for a specific group of people. Table 2 shows the sex-specific rates of
AHRDM for the study population of this work. First of all, per year, the cases are grouped by women
and men, also by the population, then to get the rates, divide the cases by population.

Table 2. Sex Specific Rates of AHRDM.

Year Cases Population (habs.) Crude Rates (x100,000 habs.)
Women Men Women Men Women Men

(A) (B) (C) (D) (A/C) (B/D)

2010 3,611 3,460 8,010,757 7,149,639 45.08 48.39
2011 4,001 4,088 8,173,368 7,299,250 48.95 56.01
2012 3,360 3,795 8,335,979 7,448,860 43.91 50.95
2013 3,544 3,565 8,498,589 7,598,472 41.70 46.92
2014 3,354 3,720 8,661,201 7,748,083 38.72 48.01
2015 3,276 3,399 8,823,812 7,897,695 37.13 43.04
2016 3,565 3,913 8,986,422 8,047,305 39.67 48.63
2017 3,544 3,994 9,149,034 8,196,916 38.74 48.73
2018 3,678 3,852 9,311,644 8,346,528 39.50 46.15
2019 3,943 4,386 9,474,255 8,496,138 41.62 51.62
2020 2,173 2,594 9,636,866 8,645,749 22.55 30.00
2021 2,023 2,348 9,799,477 8,795,360 20.64 26.70
2022 2,607 3,036 9,962,088 8,944,970 26.17 33.94
2023 3,314 2,697 10,124,698 9,094,582 32.73 29.65

3. Results

To obtain the AHRDM rates, the first step is to clean outliers, impute data if necessary, or delete
records; then only the cases of MA were selected, the percentage range is from 1.12% in 2021 to
1.62% in 2019. With all AHRDM cases counted (numerator) and the study population per year
(denominator), it is possible to obtain the crude rate (per 100,000 population). Cases and populations
of MA diabetes per year are shown in Table 1. Crude rate is calculated by dividing the AHRDM
cases by the study population; for example, in 2014 the cases were 7,074 (numerator) and the study
population was 16,409,284 habs. (denominator); therefore, the crude rate for that year is 7,074

16,409,284 =

43.11 per 100, 000 habs.. In this way, the crude rates are plotted in Figure 3.
Figure 3 shows the crude rate (pink), where it is clearly possible to perceive the effects of COVID-19

from 2020 to now; in 2020 the rate was 26.07 and 23.51 for 2022, almost half of the crude rate of 2019,
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46.35 AHRDM per 100,000 hab. Another thing to highlight is that before the pandemic period the
average was 44.97 and from 2020 to 2023 was 27.68. But this rate is increasing slowly as the years go by.

Sex-specific rates of AHRDM are computed by the specific study population, dividing the cases
by men and women. For example, in 2020, there were 2,173 cases of AHRDM of women and 2,594
cases of men, if these values are divided by the specific study population of women and men, the
specific rates for women is 22.55 AHRDM and for men 30 AHRDM, both per 100,000 habs. (See Table
2 for each year).

Figure 3 also shows the sex-specific rates (red for men and blue for women); these are also known
as adjusted rates by sex. It is possible to see that the rates for men are higher, except for 2023. On
average before the pandemic period, the difference between AHRDM rates among men and women
was 9.
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Figure 3. Crude Rate and Age Adjusted Rates by Sex.

In the process to compute rates, the data were adjusted by sex, but population also has biological
characteristics by age group, for that reason, to customize the analysis, records are divided by age
group, 20-44, 45-64 and 65 years and older. Table A1 shows the diabetes cases and populations per age
group.

The literature related to stratification suggests that to divide age groups and sex to adjust data,
this process is also known as stardardization, it is possible to get the crude rate by each group, second
column in the Table 3, but to compute the specific rate, it is required to multiply the crude rate
by the proportion of the standard population. That step is where the data are actually adjusted or
standardized, even though this process is not hard, which is crucial from the point of view of public
health.

A new way to deal with health databases involved five pillars, the first, the ability to manage
diverse data sources and formats (CSV the most commmon); the second, knowledge of the variables
and the foundations of the field where data science is applied; the third, the foundations of statistics
and programming; the fourth, superb skills to clean, imputate, analyze, and all related to process data;
at the final, the interpretation of the results, this will only be valuable when data scientist involved
with the field of application.
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Table 3. Age Adjusted Rates of AHRDM.

Year Crude Rate Specific Rate* Age & Sex Adjusted
Years-old Women Men Women Men Women Men

2010
20-44 15.49 19.76 9.17 12.27
45-64 80.47 93.85 24.01 31.03 47.21 58.76
+65 127.97 115.83 14.03 15.45

2011
20-44 17.44 22.46 10.32 13.95
45-64 88.86 109.03 26.52 36.10 50.37 66.86
+65 123.36 126.03 13.53 16.81

2012
20-44 16.65 19.69 9.86 12.23
45-64 77.56 98.51 23.15 32.58 44.47 60.08
+65 104.47 114.51 11.46 15.27

2013
20-44 15.60 19.02 9.23 11.81
45-64 70.68 90.40 21.09 29.90 41.62 54.30
+65 103.03 94.36 11.30 12.59

2014
20-44 13.61 18.16 8.05 11.28
45-64 65.39 86.89 19.51 28.74 38.11 55.41
+65 96.23 115.40 10.55 15.39

2015
20-44 14.11 16.47 8.35 10.23
45-64 58.86 79.32 17.56 26.23 36.09 48.87
+65 92.81 93.02 10.18 12.41

2016
20-44 16.51 19.29 9.77 11.98
45-64 63.28 88.56 18.88 29.29 38.25 54.49
+65 87.57 99.12 9.60 13.22

2017
20-44 14.62 18.56 8.65 11.52
45-64 62.90 89.86 18.77 29.72 36.87 54.01
+65 86.18 95.76 9.45 12.77

2018
20-44 16.28 17.79 9.64 11.04
45-64 62.81 84.20 18.74 27.85 37.37 50.63
+65 81.96 88.02 8.99 11.74

2019
20-44 17.52 21.61 10.37 13.42
45-64 64.76 91.32 19.32 30.20 39.05 56.09
+65 85.34 93.48 9.36 12.47

2020
20-44 11.44 14.85 6.77 9.22
45-64 33.31 49.13 9.94 16.25 21.23 32.38
+65 41.19 51.77 4.52 6.91

2021
20-44 10.02 10.88 5.93 6.76
45-64 29.93 48.01 8.93 15.88 19.22 28.49
+65 39.74 43.89 4.36 5.85

2022
20-44 11.69 14.98 6.92 9.3
45-64 38.53 56.84 11.5 18.8 24.07 36.07
+65 51.48 59.73 5.65 7.97

2023
20-44 14.99 13.10 8.87 8.13
45-64 52.52 44.45 15.67 14.7 30.12 31.42
+65 50.85 64.43 5.58 8.59

* Specific rate is computed multiplying crude rate by the proportion of the standard population, for women: 20-44 is
0.5919, 45-64 is 0.2984, +65 is 0.1097; for men: 20-44 is 0.6209, 45-64 is 0.33.07, +65 is 0.1334.
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4. Discussion

After the cleaning step and outliers analysis, the total of records is 36,626,380 (99.89%), considering
that the percentage of outliers records is 0.11% through the years, these were deleted. In the study
case of this work, even a standardization rate was not applied, which seems to not significantly affect
the AHRDM, but since the data scientist cannot assume that and just not to do the standardization,
the opinion of the area where data science is applied must be considered in this work, epidemiology,
because with another study population could not be the same, depends on the geographical area and
people characteristics (like food habits, public policies about quality of care prevention of diabetes,
etc.)

Figure 4 shows the specific crude rates versus the specific adjusted rates. Solid lines are for men
and dashed lines are for women, for the 20-44 age group, in both cases, men and women, lower for the
adjusted rates; for the 45-64 age group, also for men and women, the adjusted rates are lower, but the
distance between rates is bigger, up to 50 AHRDM in some years; and for 65 and older, for both cases,
adjusted rates are lower, but the distances are in some cases more than 100 AHRDM. Those results
mean that standardization is required for specific rates. In Figure 5 the differences between the crude
rates and the adjusted rates are shown, these were calculated with the highest rate minus the other
rate.
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Figure 4. Rates by age and sex before and after the adjustment.
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Figure 5. Differences between crude and adjusted rates.
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5. Conclusions

This paper has shown the reasons why for a data scientist it is mandatory to learn about the field
in which data science is applied and follow all the methods, processes, techniques, and transformations
required in the field of knowledge to solve the problem. Even if as a data scientist you think you have
enough knowledge to interpret the results, data science is evolving rapidly, but needs interdisciplinary
scientists to apply it correctly.

The findings of this work prevent a common mistake when rates are presented without
standardizing data. Non-standardized data are not valid when compared with other studies.
Epidemiologists and specialized professionals, first of all, ask: data are standardized? As data
scientists could answer yes because in the preparation data process, data could adjust computing the
mean and standard deviation to calculate new values, but that is not the standardization to which
epidemiologists are referring, that is said by experience, they mean to adjust by sex and age, at least,
because other variables could be used.

Figure 5 also shows that, for this study, the standardization is notable for the 45-64 and 65 and
older age groups, slightly similar for both groups, but for the 20-44 age group it is imperceptible, less
than 10 AHRDM in all years. Taken together, these findings suggest that even the standardized data
seem unnecessary, always must review all the methods of the field where data science is applied.

The most important limitation in this article lies in the fact that the data is only from Mexico.
More research should focus on comparing methodologies for other diseases, even in another field not
in health.
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Abbreviations

The following abbreviations are used in this manuscript:

ICD-10-CM International Classification for Diseases, 10th revision, Clinical Modification
AHRDM Avoidable Hospitalizations Related to Diabetes Mellitus
DGIS Dirección General de Informacion de Salud (due to terms of use, acronym must be in spanish
AHRQ Agency for Healthcare Research and Quality
ACSC Ambulatory Care-Sensitive Condition
IDE Integrated Development Environment
PQI Prevention Quality Indicator
MA Metropolitan Area of Mexico City
SS Secretaría de Salud (due to terms of use, acronym must be in spanish)

Appendix A

Table A1 shows in its columns, first, the year and age groups; second, number of MA cases
and percentages by men and women; third, the MA populations of men and women for each age group.
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Table A1. MA cases and populations by age groups.

Year Metropolitan Area Cases Population (habs.)
Years-old Women Men Women Men

2010 3,611(100%) 3,460(100%) 8, 010,757 7,149,639
20-44 768(21.3%) 903(26.1%) 4,958,925 4,569,823
45-64 1,800(49.8%) 1,841(53.2%) 2,236,828 1,961,667
+65 1,043(28.9%) 716(20.7%) 815,004 618,149

2011 4,001(100%) 4,088(100%) 8,173,368 7,299,250
20-44 869(21.7%) 1,034(25.3%) 4,983,308 4,602,965
45-64 2,069(51.7%) 2,227(54.5%) 2,328,376 2,040,086
+65 1,063(26.6%) 827(20.2%) 861,684 656,199

2012 3,360(100%) 3,795(100%) 8,335,979 7,448,860
20-44 834(22.8%) 913(24.1%) 5,007,691 4,636,107
45-64 1,877(51.3%) 2,087(55.0%) 2,419,923 2,118,504
+65 949(25.9%) 795(20.9%) 908,365 694,249

2013 3,544(100%) 3,565(100%) 8,498,589 7,598,472
20-44 785(22.2%) 888(24.9%) 5,032,073 4,669,249
45-64 1,775(50.1%) 1,986(55.7%) 2,511,471 2,196,923
+65 984(27.8%) 691(19.4%) 955,045 732,300

2014 3,354(100%) 3,720(100%) 8,661,201 7,748,083
20-44 688(20.5%) 854(23.0%) 5,056,456 4,702,391
45-64 1,702(50.7%) 1,977(53.1%) 2,603,019 2,275,342
+65 964(28.7%) 889(23.9%) 1,001,726 770,350

2015 3,276(100%) 3,399(100%) 8,823,812 7,897,695
20-44 717(21.9%) 780(22.9%) 5,080,839 4,735,534
45-64 1,586(48.4%) 1,867(54.9%) 2,694,567 2,353,761
+65 973(29.7%) 752(22.1%) 1,048,406 808,400

2016 3,565(100%) 3,913(100%) 8,986,422 8,047,305
20-44 843(23.6%) 920(23.5%) 5,105,222 4,768,676
45-64 1,763(49.5%) 2,154(55.0%) 2,786,114 2,432,179
+65 959(26.9%) 839(21.4%) 1,095,086 846,450

2017 3,544(100%) 3,994(100%) 9,149,034 8,196,916
20-44 750(21.2%) 891(22.3%) 5,129,605 4,801,818
45-64 1,810(51.1%) 2,256(56.5%) 2,877,662 2,510,598
+65 984(27.8%) 847(21.2%) 1,141,767 884,500

2018 3,678(100%) 3,852(100%) 9,311,644 8,346,528
20-44 839(22.8%) 860(22.3%) 5,153,987 4,834,960
45-64 1,865(50.7%) 2,180(56.6%) 2,969,210 2,589,017
+65 974(26.5%) 812(21.1%) 1,188,447 922,551

2019 3,943(100%) 4,386(100%) 9,474,255 8,496,138
20-44 907(23.0%) 1,052(24.0%) 5,178,370 4,868,102
45-64 1,982(50.3%) 2,436(55.5%) 3,060,757 2,667,435
+65 1,054(26.7%) 898(20.5%) 1,235,128 960,601

2020 2,173(100%) 2,594(100%) 9,636,866 8,645,749
20-44 595(27.4%) 728(28.1%) 5,202,753 4,901,244
45-64 1050(48.3%) 1,349(52.0%) 3,152,305 2,745,854
+65 528(24.3%) 517(19.9%) 1,281,808 998,651

2021 2,023(100%) 2,348(100%) 9,799,477 8,795,360
20-44 524(25.9%) 537(22.9%) 5,227,136 4,934,386
45-64 971(48.0%) 1,356(57.8%) 3,243,853 2,824,273
+65 528(26.1%) 455(19.4%) 1,328,488 1,036,701

2022 2,607(100%) 3,036(100%) 9,962,088 8,944,970
20-44 614(23.6%) 744(24.5%) 5,251,519 4,967,528
45-64 1,285(49.3%) 1,650(54.3%) 3,335,400 2,902,691
+65 708(27.2%) 642(21.1%) 1,375,169 1,074,751

2023 3,314(100%) 2,697(100%) 10,124,698 9,094,582
20-44 791(23.9%) 655(24.3%) 5,275,901 5,000,670
45-64 1,800(54.3%) 1,325(49.1%) 3,426,948 2,981,110
+65 723(21.8%) 717(26.6%) 1,421,849 1,112,802
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